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DISAGGREGATE RESIDENTIAL CHOICE MODELS: REVIEW AND CASE STUDY 
Wal F.J. van Lierop 
Peter Nijkamp 
1. INTRODUCTION 
The housing market is a multi-faceted and heterogeneous market charac-
terized among other things by: complex search and choice processes of 
(potential and actual) movers, diversity in infor-mation content re-
garding supply and demand on various sub-markets, drastic shifts in 
looational behaviour due to structural economie changes, strong im-
pacts of social and geographical spillover effects (e.g., segmenta-
tion, environmental quality), occurrence of disequilibria on various 
sub-markets (due to inertia in public decision-making, socio-economic 
and demographie changes, strong land use competition, etc), and high 
degree of public and institutional interference. 
In the past, a wide variety of housing market models has been 
developed and applied in order to investigate the abovementioned 
complexity in residential choices (see, for instance, Anas, 1976; 
Bird, 1976; Clark and Smith, 1982; Evans, 1973; Huff and Clark, 1978; 
Kain and Quigley, 1970; Kain et al., 1976; Van Lierop and Nijkamp, 
1985; Putman, 1979; Richardson, 1977; Simmons, 1974; Stahl, 1980; 
Wegener, 1980; and Wilkinson, 1973). A representative description of 
various housing market analyses can also be found in Clark and Van 
Lierop (1986) and Porell (1982). 
The present paper deals mainly with one aspect of the housing 
market: it aims at providing an operational framework for disaggregate 
residential choice models for housing market analysis. By way of 
introduction, first a brief typology for spatial choice models will be 
given (section 2), foliowed by a concise survey of spatial choice and 
interaction models (section 3). Then the advantages of disaggregate 
spatial choice models will be pointed out, foliowed by a justification 
of the use of a multinomial probit model (section 4). The remaining 
sections (5 and 6) are devoted to a description of the Dutch housing 
market and discussion of various empirical results obtained by means 
of a disaggregate residential choice analysis of this market based on 
a probit model. 
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2. A TYPOLOGY FOR SPATIAL CHOICE MODELS 
Spatial choice models focus attention on a formal analysis of spatial 
location and allocation decisions of individuals and groups. Such 
models aim at portraying and forecasting spatial processes and choice 
patterns in complex geographical systems (see, Van Lierop and Rima, 
1985). The design of such models requires (a) insight into cause/ef-
fect links in a complex spatial system, (b) an Identification of key 
factors of spatial choice behaviour, (c) a consideration of exogenous 
factors and public institutional measures, and (d) a specification of 
the range of feasible choice options. .* 
In general, the set of spatial choice models is highly differen-
tiated. The following criteria for a typology of spatial choice models 
may be used: 
(a) the level of aggregation (individuals, groups, nations, etc). 
Conventional spatial choice and interactlons models tended to be 
aggregate in nature, but in the past decade the main stream of 
spatial interaction analysis has increasingly focused attention on 
disaggregate spatial choice models (see, for example, Harsman and 
Snickars, 1975; Van Lierop and Nijkamp, 1980, 1982; McFadden, 
1978; and Van Lierop, 1976). 
(b) the nature of the choice process. According to Manheim (1979) 
choice processes are multldimensional: multitemporal, multi-pro-
blem oriented, multi-sectoral.multi-person and multi-disciplinary. 
In this regard, it may be meaningful to make inter alia a dis-
tinction between: preference analysis and perception analysis (cf. 
Blommestein et al., 1981), latent motives and actual decisions of 
actors in space, search behaviour and choice behaviour (cf. Huff, 
1982), descriptive and explanatory choice analysis, and demand 
constraints (income, location, family size, social control such as 
Veblen effects, etc.) and supply constraints (supply of infra-
structure, market Information, institutional regulations, etc). 
(c) the element of time. Spatial search and decision processes are 
usually non-static, while they al^o exhibit learning aspects (see 
for instance, Weibull, 1978; De Palma and Ben Akiva, 1981; and 
Clark and Smith, 1982). Such dynamic processes may be due to 
either exogenous shifts (changes in general mobility patterns, for 
example) or endogenous decisions of actors (e.g.,mental processes, 
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saturation effects). In recent years, panel and longitudinal ana-
lyses have become increasingly popular ways of observing consumer 
behaviour over a longer period (see for instance, Golob et al., 
1984). Very recently, also event history analysis has become an 
important tooi for studying expectations of actors with regard to 
their income, time budget, mobility pattern, desired location, 
family size, etc. As panel and longitudinal studies are usually 
extremely expensive, an intermediate strategy may be found by 
holding a household inquiry at two successive points in time, so 
that discrete shifts in perceptions and preferences can be ana-
lysed. In addition, this approach can be used to assess real con-
ditional space choice probabilities in the second period, given 
the information on spatial choice preferences and perceptions from 
the first period. The latter strategy will be adopted in the empi-
rical part of this paper. 
(d) the attributes of the choice items. Choice items (for example, 
dwellings) are normally heterogeneous in nature: dwellings exhibit 
a wide variety regarding age, size, quality, rent, accessibility, 
neighbourhood quality, distance to amenities, etc. The multidimen-
sional nature of spatial choice items hampers a straightforward 
assessment of related demand functions, so that a more refined 
analysis and inventory of choice items is needed, based on a de-
tailed multi-attribute approach. The way in which such a multi-
attribute analysis of choice items can be operationalized will be 
described in greater detail in the empirical part of this paper. 
The abovementioned typology of spatial models forms also the back-
ground for the succinct review of main classes of such models in the 
next section. 
3. A BRIEF SURVEY OF SPATIAL CHOICE AND INTERACTION MODELS 
The "geography of movement" (Lowe and Moryades, 1975) has been foliow-
ed by the design and use of a wide variety of spatial choice and 
interaction models, some of them being macro and mechanical in nature, 
others being micro- and behavioural-oriented. The following major 
classes of aggregate (macro) and disaggregate (micro) spatial choice 
and interaction models may be mentioned: 
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A. Aggregate 'Models 
(a) Programmlng models: These models describe mainly location-allo-
cation patterns in a spatial system, based on aggregate cost or 
utility functions (see for instance, Dendrinos, 1980; Herbert and 
Stevens, 1960; or Ingram et al., 1972). 
(b) Gravity and entropy models: This class of models became very po-
pular in the seventies, in particular since it could be demon-
strated that the rather mechanical nature of these location-allo-
cation models could be provided with a more solid statistical and 
behavioural meso foundation (see Wilson, 1973; and Nijkamp, 1979). 
The majority of these models is aggregate and describes equili-
brium conditions for a spatial system driven by repulsive and at-
tractive factors. 
(c) Catastrophe and bifurcation models: These models aim at studying 
the behaviour of dynamic spatial systems mainly by means of diffe-
rential topology. The main focus of such models is on discontinu-
ities (ruptures, collapses, .shocks, etc.) in dynamic systems, 
caused by smooth changes in the control variables. Such jumps (bi-
furcations) may merge, if - given a certain range of the control 
variables - a specific set of values of the state variables (see, 
for instance, Amson, 1975; Dendrinos and Mullally, 1983; and Wil-
son, 1981). 
B
' Disaggregate Models 
(a) Micro simulation models: Micro simulation models have mainly 
been designed to describe or forecast dynamic spatial processes of 
individuals (or homogeneous groups). Such simulation experiments 
are especially necessary, if no micro survey information on indi-
vidual behaviour is available (see Wegener, 1980). These micro si-
mulation models have proven to be useful tools in case of absence 
of information on disaggregate spatial preferences and percep-
tions. 
(b) Conventional utility maximizing models: The category of utility 
maximizing models is based on the assumption that each actor in a 
geographical space maximizes his or her utility (usually in a 
deterministic sense) by choosing a spatial interaction patterns 
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(e.g., spatial mobility, transportation) within constraints emerg-
ing inter alia from ineome and time budgets. A good example of a 
utility maximizing model based on a multistage-multiactor optimal 
control spatial choice analysis can be found in Leonardi (1983). 
Another interesting illustration is offered by Zahavi (1979), who 
has designed a model in which the total distances covered by spe-
cifie transport modes on an average day by an average traveler are 
maximized by using a mix of transport modes subject to upper 
bounds of travel time and money. 
(c) Conventional random utility models: Random utility models take 
for granted that spatial choices are resulting from rational beha-
viour based on a stochastic utility evaluation of different spa-
tial choice items. Usually the observed micro choices regarding 
disaggregate spatial behaviour are related to objectively measur-
able attributes of actors and of spatial choice items. Random 
utility models then provide a probabilistic explanation of dis-
crete spatial choice behaviour. Conventional random utility models 
have mainly been based on a logit formulation (see for instance 
Ben-Akiva, 1973; and Domencich and McFadden, 1975). A major advan-
tage of these models was their ability to deal wlth categorical 
and qualitative data in spatial choice processes (see also Wrig-
ley, 1979), although it was more difficult to include subjective 
micro aspects such as habits, expectations, learning processes, 
policy impacts, and the like. 
(d) Adjusted random utility models: This new class of random utility 
models aims to include especially the qualitative aspects of indi-
vidual spatial choice behaviour for both explanatory and forecast-
ing reasons. In this regard the family of General Extreme Value 
models (see McFadden, 1978) and the Multinomial Probit model (see 
Daganzo, 1979) are worth mentioning. These models allow inter alia 
a more flexible specification, the inclusion of panel data, and a 
straightforward aggregation toward homogeneous subgroups. However, 
the calibration of such models in case of many choice items and 
the interpretation of the outcomes of such r.odels are more cumber-
some. 
(e) Psychometrie behavioural models: This class of models encom-
passes inter alia socio-psychological and psychometrie models 
focusing attention on individual psychological responses or atti-
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tudes regarding choice possibilities. Both direct preference (ex 
ante) methods and revealed preference (ex post) methods may be 
used (see Hartgen, 1974). Examples of models developed in this 
context are the elimination by aspects model (see Tversky, 1972) 
and experimental conjoint measurement models (see Dix, 1981). In 
general however, these models have great difficulties in recon-
ciling attitudinal responses and observed behaviour, even in a dy-
namic context (see Burnett and Hanson, 1979; Cadwallader, 1975; 
Damm, 1980; and Louviere and Meyer, 1981). Some of these psycho-
metrie micro models may be based on random utility notions. 
(f) Activity-based choice models: Activity-based choice models are 
descriptive or forecasting models developed for comprehensive dis-
aggregate spatial choice analysis, in which instead of separate 
trips, a chain of trips related to a daily activity pattern of an 
actor is taken into account. Models of this type pay much atten-
tion to time allocations, scheduling of activities, constraints on 
movements and activity choice, interactions between decisions and 
by different actors, and dynamic spatial processes. Clearly, these 
methods are based on space-time geography developed by Hagerstrand 
(1970). Examples of activity-based choice models can be found in 
Carpenter and Jones (1983), Damm (1982), Dix (1981)', Hensher and 
Stopher (1979), Van der Hoorn (1983), Jones (1977) and Lerman 
(1979). The majority of these models is based on household survey 
and panel techniques. 
(g) Search models: This class of models regards spatial choice pro-
cesses as dynamic spatial search processes. Clearly, in these 
types of models much att'ention is. focused on the specification of 
choice items (alternatives), the definition of explanatory varia-
bles for choice processes, the judgement of all relevant alterna-
tives, the size of transition costs, and the potential willingness 
to consider a spatial movement (see for instance Clark and Smith, 
1982; Rogerson, 1983; andWeibull, 1978, 1982). These models may 
also be complementary to the abovementioned classes of models. 
It should be added that the foregoing brief survey of spatial 
choice models is by no means exhaustive. Furthermore, various specific 
models may fall into more than one category (see also Van Lierop and 
Rima, 1985; and Van Lierop, 1986). 
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Having discussed some major classes of spatial choice and inter-
action models, we will defend in the next section the use of micro-
oriented spatial choice models, and more particularly random utility 
models. 
4. A CHOICE FOR DISAGGREGATE SPATIAL CHOICE MODELS 
Spatial activity, mobility and interaction patterns exhibit a complex-
ity that can hardly be analysed by means of conventional aggregate 
choice models. The great variety in actors, preferences, perceptions, 
spatial choice items and individual constraints leads to the need for 
a more disaggregate approach, through which all attributes of spatial 
choice analysis can be included in a detailed manner. Disaggregate 
choice models have received a great deal of interest in recent years. 
Compared to macro-oriented approaches, micro models have the following 
general advantages (see also Clark, 1983; Harsman and Snickars, 1975; 
Van Lierop and Nijkamp, 1980, 1982; and McFadden, 1978): 
(a) a cl os er oriënt at ion toward behavioural approaches (see for ,in-
stance, Burnett, 1973; Clark and Cadwallader, 1973; Downs, 1970; 
Golledge and Brown, 1967; Gould, 1973; Rushton, 1969; and Saari-
nen, 1976); 
(b) a more precise description of actual spatial interactions which 
may take place at various aggregation levels (see for instance 
Stopher et al., 1981); 
(c) a better possibility for analysing choice processes on a longitu-
dinal, event-history or dynamic basis (see for instance, Cole-
man, 1981; Halperin, 1985; Koppelman and Pas, 1985; and Tuma and 
Hannan, 1984); 
(d) a greater flexibility in specifying choice processes compared to 
traditional approaches, without making stringent assumptions re-
garding equilibrium, competition, or homogeneous land use (see 
also McDonald, 1979; De Palma and Ben-Akiva, 1981 ; and Smith and 
Clark, 1982); 
(e) a more effective way of testing the statistical validity of empi-
rical results from surveys or questionnaires (see for instance, 
Hensher and Johnson, 1981 ; and Manski and McFadden, 1981); 
(f) a better way of including qualitative information on spatial 
choice processes in explanatory models (see Wrigley, 1984); 
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(g) a more satisfactory representation of publio polioy impacts on 
mioro spatial choioe processes (see Van Lierop and Rima, 1985; and 
Quigley, 1979); 
(h) a more adequate representation of the dependenee of the utility 
of an actor on the decision of all other actors including agglom-
eration and congestion effects (see Miyao and Shapiro, 1981). 
Clearly, there is also a price to be paid for using disaggregate 
choioe models: the complexity of model design and calibration inc^eas-
es, while also the computational costs may become fairly high. 
In general, disaggregate spatial choice analysis is based on 
micro survey data of a categorical nature. In such cases, it is neees-
sary to use a probabilistic approach in order to assess the expectëd 
choice behaviour, based on the assumption of individual utility maxi-
mization. 
In case of a random utility model for spatial choices, the as-
sumption is made that the utility of a certain choice item is made up 
by two components: a determinis'tic component accounting for systematic 
effects emerging from observed choice factors and a random component 
accounting for effects from unobserved factors. By means of a random 
utility model one may predict the probability that an actor will 
choose a certain alternative, given the values of the observables. The 
class of random utility models may be further subdivided into: 
- models with independent, identically distributed, error terms; exam-
ples are multinomial logit models and some elimination by aspects 
models; 
- closed-form models without independent, identically distributed, er-
ror terms; examples are nested logit models, general extreme value 
models, and prominence theory of- choice models; 
- multinomial probit models. 
In the seventies, one specific class of disaggregate discrete spatial 
choice models has received an important position in the literature on 
disaggregate spatial interaction and activity analysis, viz. the 
multinomial logit model. One of the major weaknesses of the frequently 
applied multinomial logit model is its "independence from irrelevant 
alternatives" (IIA) property, caused by restrictive assumptions on 
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cross-substitution embodied in the struoture of the logit model (see 
Van Lierop, 1986, and Wrigley, 1984). 
Adjusted specifications of the abovementioned logit model oan be 
found inter alia in the dogit model (see Gaudry and Dagenais, 1979), 
the decompositional multi-attribute preference model (see Timmermans, 
1984), and the nested logit model as a special case of the generalized 
extreme value model (see Ben-Akiva and Lerman, 1979; Daly and Zachary, 
1978; McFadden, 1979; Sobel, 1980; and Williams, 1977). Especially, 
the nested logit model has received a strong theoretical and empirical 
position, as it can readily handle correlated random components of 
utility and hence embodies more general properties of cross-substitu-
tion than the logit model without sacrifice of computational tractabi-
lity (see also McFadden, 1978). 
The most general, least restrictive of the various discrete 
choice models is the multinomial probit model (see Daganzo, 1979). 
This model allows the random components of utility of choice items to 
be correlated and to have unequal variances, while also random taste 
variations across individuals is permitted. The computational problems 
of multinomial probit models are however not easy to solve, though the 
Clark approximation to reduce the calibration problem to one of se-
quential univariate integration may be helpful in this respect (see 
also Sheffi et al., 1982). 
As the multinomial probit model will be used in the empirical 
analysis'of the present paper, a brief review of its essential fea-
tures will be given here. The general features of this model (shared 
by all random utility models) are: 
- the existence of a discrete set of choice items (alternatives); 
- a partition of the population (the set of actors) into homogeneous 
subgroups, each having the same choice set and the same character-
istics; 
- the existence of an individual utility function which has to be 
maximized over the choice set by each actor; 
- average utility is made up by the expected utility of all attributes 
characterizing a certain choice item; 
- each utility function is composed of a deterministic component and a 
random component, so that the utility of an actor n with regard to a 
choice item i can be written as: 
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uin - v(zin) + 5(zin) (O 
with: 
u*in : utility of choice item i (i=1,...,I) for actor 
(n-1 N) 
v(zin) : the deterministic part of the utility function of ac-
tor n, being determined by the vector of attributes of 
alternative i, z^n. 
5(zin) : tne random part of the utility function of actor n, 
representing individual utility differences emerging 
from taste variations, individual measurment errors, 
effects of missing data, misspecifications, etc. 
Then the probability pin that actor n selects an alternative is 
defined as: 
pin=Prob{Cv(zin)+C(zin)]^Cv(zi.n)+5(zitn)];i'=1,...,I; i**1} 
i=1,...,1; n=1,...,N (2) 
The specifie assumptions of the multinomial probit model are that 
the random terms in (2) are cumulative and normally distributed (see 
Daganzo, 1979; and Hausman and Wise, 1978). Hence this model allows 
the introduction of a dependent distribution for the random components 
by making specific assumptions about the structure of the variance-
covariance matrix. One of the Standard specifications of the variance-
covariance matrix can be found in Hausman and Wise (1978), who assume 
that the variances for each alternative are proportional to the mean 
of each of them and that the covariances are proportional with the 
square root of the product of all the means of all relevant alterna-
tives. In this way, individual taste variations and interdependencies 
among actors can be taken into account. Such a model can be estimated 
by means of maximum likelihood procedures, for instance, by means of 
the computer program CHOMP (see Daganzo and Schoenfeld, 1978), leading 
to consistent parameter estimates. 
Altogether, the multinomial probit model has the following advan-
tages over alternative discrete choice models (see Sheffi et al., 
1982; Van Lierop, 1986, and Van Lierop and Rima,"1984): 
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- flexibility in specifioation by means of a full parametrization in 
terms of the covariance matrix, so that individual utility differ-
ences can be included and hence the 'independence from irrelevant 
alternatives' axiora can be avoided; 
- introduction of taste variation by incorporating parameters that 
depend on the values of specifie explanatory variables; 
- statistical robustness by allowing the possibility of handling 
missing data and measurement errors; 
- introduction of structural state dependence by including repeated 
observations, so that this model is extremely useful for panel and 
longitudinal data; 
- possibility of consistent aggregation, so that aggregate utility 
for subgroups can easily be assessed. 
Clearly, the use of a multinomial probit model has also some dis-
advantages: 
- interpretation of results is usually not easy; 
- large numbers of alternatives are difficult to calibrate. 
Given the abovementioned remarks, the present authors have made a 
choice for the use of a multinomial probit model in order to analyse 
disaggregate spatial choices. In the sequel of this paper, some re-
sul ts of an empirical study on the Dutch housing market will be pre-
sented based on Van Lierop, 1986. 
5. FEATURES OF THE DUTCH HOUSING MARKET STUDY 
Several migration studies have shown that in general, the decision to 
migrate is the result of various determinants, such as a dissatisfac-
tion with the present housing condition or with the local residential 
climate, more favourable perspectives on a labour market elsewhere, 
environmental quality (air or water pollution, noise annoyance, etc.) 
(see also, Onaka and Clark, 1983; Orishimo, 1982; and Schweitzer et 
al., 1976). 
In the present analysis of residential choice on the Dutch hous-
ing market a distinction has been made between the potential deci-
sion to change dwelling (caused inter alia by a dissatisfaction 
regarding the present dwelling or the present job) and the actual 
decision to move. A potential decision to migrate only means that 
actors have a willingness or drive to move house, although it is not 
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sure they w i l l indeed change dwei l ing . This s i t u a t i o n implies a condi-
t i o n a l p r o b a b i l i t y approach, in which the p r o b a b i l i t y of an ac tor t o 
a c t u a l l y change h i s res idence i s co-determined by h i s p r io r i n c l i n a -
t i o n t o leave h i s present dwei l ing . C l e a r l y , t h i s p r io r i n c l i n a t i o n i s 
a r e s u l t of push and p u l l f a c to r s such as psychological percept ions 
and preferences regarding the a t t r i b u t e s of the present dweiling 
inc lud ing i t s neighbourhood q u a l i t y and the q u a l i t y of r e s i d e n t i a l 
p r o p e r t i e s in r e l a t i o n to other dwe l l ings . The four d i f f e r en t condi-
t i o n a l p r o b a b i l i t i e s of ac tua l moving behaviour given p r io r knowledge 
rega rd ing the wi l l i ngness to move can a l s o be represen ted by means of 
the fol lowing 2 x 2 t a b l e : 
Table 1. Condi t ional p r o b a b i l i t y t a b l e of a c t u a l moving behaviour, 
given p r i o r information on w i l l i n g n e s s -to move. 
w i l l i ngness to move 
Yes No 
Yes 
No 
The major aim of the housing market study for the Netherlands was 
to identify in a detailed (i.e., disaggregate) manner the relative 
importance of the determinants of individual residential choice deci-
sions. In this study, individual preferences and perceptions regarding 
dweiling attributes (including locational factors) were analysed by 
means of micro discrete choice models. The following classes of actors 
on the deraand side of the housing market were distinguished: 
- potential migrants, subdivided into socio-economic or age classes, 
each specific class being mainly interested in a specific type of 
dwelling (i.e., a dweiling provided with a minimum level of various 
attributes); 
- starting actors, subdivided into new households entering the hous-
ing market, and immigrants. 
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In the light of the limited supply of dwellings in each dwelling 
category and the large demand for dwellings in sorae oategories, it is 
reasonable to assume that in the Dutch housing market context many 
actors ultiraately decide to select a house that is essentially a 
second or third choice. The use of a disaggregate discrete choice 
model may then provide adequate insight into the motives of actors to 
move into dwellings of their second or third choice, so that planners 
are also informed of discrepancies between the set of dwellings of a 
specific type preferred by given household classes and the set of 
dwellings actually chosen by these households. In this respect, also 
the secondary supply (i.e., the supply of dwellings induced by filter-
ing processes) on the housing market by dwelling type and for each 
household class may be taken into consideration. 
In order to examine these processes, a sample of data on the 
Dutch housing market was analysed in a detailed way. These data have 
also been used to study housing preferences in the Netherlands by 
means of psychometrie techniques (see Kuylen, 1980). For this purpose, 
panel data based on household inquiries in two successive periods were 
collected. This sample covered a large number of municipalities in the 
Netherlands. After a screening procedure this data set was used for 
the present empirical analysis. The municipalities concerned showed a 
large variation in terms of size, location, urbanization rate, growth 
rate, housing market regulations, and tension between supply and 
demand on the housing market. Hence this sample may be regarded as a 
fairly representative description of the Dutch housing market. 
The first panel data were collected in 1977. This sample covered 
approximately 2000 households and provided detailed information on 
household characteristics, current dwelling attributes, and household 
preferences to migrate, so that more insight could be obtained into 
priority schemes of households concerning all relevant residential 
factors. 
The second panel data were collected one year later, in 1978. 
This sample served to examine the stability of household ' judgements 
regarding dwelling attributes and to identify differences between the 
actual moving behaviour since 1977 and the dwelling and migration 
preferences reported in the first inquiry. This second sample focused 
attention on two specific groups from the first sample, viz. all 
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potential movers and those households whieh were not willing to move 
in 1977 but yet had moved since thenJ) In addition, the attributes 
of the new dwelling were analysed in a detailed manner. 
The distribution of potential movers in 1977 and actual movers in 
1978 is represented in Table 2 (see for more details, Van Lieröp, 
1986). 
Table 2. Distribution of potential and actual movers. 
Willingness to move in 1977. 
actual moves 
in 1978 
Yes No Z 
Yes 37 5 42 
No 102 963 1065 
Z 139 968 1107 
In the context of a housing market analysis for the Netherlands, 
another important element has to be mentioned. The Dutch housing 
market is highly institutionalized and totally dominated by regula-
tions, so that the price mechanisra plays only a limited role. By no 
means can the price or rent of a house be regarded as a representation 
of its relative scarcity. In order to arrive at an objective evalua-
tion of dwellings as the basis for rent control, an extensive system 
of quality scores for dwellings has been designed in the Netherlands. 
This dwelling quality evaluation (d.q.e.) score approach is based on 
the assignment of Standard scores to the attributes of a dwelling in a 
certain housing category. This multi-attribute housing evaluation 
system takes into consideration a wide variety of dwelling items 
(number of rooms, space, age, bathroom facilities, heating, distance 
to work and nearest shopping area, neighbourhood quality, etc). By 
1) These so-called 'forced movers' are not taken into account in 
this paper. 
15 
adding up all individual scores for the successive attributes, the 
aggregate value of a dweiling can be represented by means of a total 
dwelling quality score. By means of this system (which was original-
ly related to the actual rent level in 1977 in the Netherlands), the 
heterogeneous choice alternatives on the housing market can be charac-
terized and mutually compared. 
In addition to an objective quality score depending on observ-
able attributes of the dweiling concerned, a subjective quality 
score may be defined that represents the perception of a household 
regarding all attributes of the present dweiling. This information may 
provide more insight into the motives of a household to choose a 
specific dwelling type. For this empirical study data on such subjec-
tive household attitudes were available. A comparison of objective and 
subjective quality scores across all 1107 households led to the fol-
lowing result (see Table 3): 
Table 3. Differences between objective and subjective dwelling quality 
scores 
Nurnber of 
households 
objective quality score > subjective quality score 423 
objective quality score < subjective quality score 666 
objective quality score = subjective quality score 18 
TOTAL 1107 
The data on subjective attitudes of households can also be used to 
explain residential mobility (by adjusting the objective scores by 
means of the subjective perception weights). More details on the 
quality score approach can be found in a publication of the Ministry 
of Housing and Physical Planning and the Ministry of Justice (MHPP and 
MJ) (1979) and Van Lierop (1986). 
Given the foregoing information on the Dutch housing market 
study, it is clear that - in view of the disaggregate data on house-
holds, dwelling types, attributes, individual preferences and percep-
tions - research based on a disaggregate choice modeling approach is 
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p l a u s i b l e , whi le in the present case the use of a multinomial p r o b i t 
model i s p r e f e r r ed , e s p e c i a l l y because i t i s r e a l i s t i c t o assume 
i n t e r r e l a t i o n s between many dwell ing types on a ( s t r i n g e n t ) housing 
market, so t h a t a model incorpora t ing in te rdependencies between r e l e -
vant a l t e r n a t i v e s i s d e s i r a b l e . In t h i s r ega rd , the multinomial p r o b i t 
model, inc luding a f u i l var iance-covar iance mat r ix ( the Hausman-Wise 
approach) , may be regarded as a promising t o o i . Hence t h i s approach 
was adopted for the empir ica l a n a l y s i s of the Dutch housing market . 
6. RESULTS OF THE DUTCH HOUSING MARKET STUDY 
In t h i s s e c t i o n some r e s u l t s of the housing market ana lys i s in the 
Netherlands w i l l be p resen ted . In t h i s p ro j ec t the following s e r i e s of 
success ive s t eps was i n t e r a l i a considered: 
(1) e s t i m a t i o n , explanat ion and p r e d i c t i o n of the wi l l i ngness to move 
house in period t ; 
(2) c o n d i t i o n a l e s t ima t ion , explana t ion and p r e d i c t i o n of the ac tua l 
moving behaviour in period t + 1 ; 
(3) f u r t h e r examination of dwell ing a l t e r n a t i v e s ; 
(4) fu r the r examination of l o c a t i o n a l a s p e c t s . 
These s t e p s w i l l be fu r ther discussed in success ive s u b - s e c t i o n s . 
6.1 Wil l ingness to move 
The p r o b a b i l i t y , P i n t » t h a t a c e r t a i n ac to r n l i v i n g in a dwell ing 
of type i i s w i l l i n g t o move in p e r i o d ' t i s equal to the p r o b a b i l i t y 
t h a t the expected u t i l i t y of moving minus the d i s u t i l i t y a s s o c i a t e d 
with t r a n s a c t i o n cos t s i s l a r g e r than the expected u t i l i t y of s t ay ing 
in the present house (see formula ( 2 ) ) . 
The ind iv idua l u t i l i t y a s soc i a t ed with r e s i d e n t i a l mobi l i ty was 
assumed to be determined i n t e r a l i a by the following explanatory 
f a c t o r s : 
- the " p r i c e / q u a l i t y " r a t i o of the cu r ren t dwell ing i for household n; 
- the "incorae/current housing c o s t s " r a t i o for household n; 
- the "family size/number of rooms" r a t i o of household n l i v i n g in 
dwell ing type i . 
- the vacancy r a t e (or t ens ion) perce ived by household n on the hous-
ing market; 
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- the distance from the present dweiling i to work, as perceived by 
household n; 
- the desire of household n to own a house instead of renting it; 
- the transaction costs of moving from dweiling i as perceived by 
household n. 
A oareful study of the influence of these factors1) - including a 
very detailed multicollinearity analysis for the first three ratios 
between which a high correlation was expected - showed that it is 
possible to explain and predict the willingness to move of individual 
households in a rather satisfactory way, by means of a fairly simple 
model including only the price/quality ratio as an exogenous variable. 
The full estimation results and the predicted probabilities2) 
of the relevant equations are presented in Table 4 under model number 
1. Standard errors are given in brackets. They are all satisfactory. 
It should, however be remarked that the interpretation of these re-
sults is less easy than it may seem, as the calculation was not 
straightforward. The coëfficiënt values are directly proportional to 
the Standard deviations 3)
 0f the random components of the utility 
functions. This is because at the start of the numerical approximation 
method of the CHOMP computer program, 8 and p are assigned initial 
values (p some value between -1 and +1 and 9 any positive value) and 
an increment that is used to calculate the partial derivatives needed 
for the search process. Without these initial values the para- meters 
of the probit model cannot be estimated. Hence the absolute values of 
the utility function coefficients are essentially arbitrary numbers 
(see also, Johnson and Hensher, 1982). Only the ratios between them 
have a definite meaning. Although it is clear that an increase of the 
price/quality ratio will result in an increase of the willingness to 
move, the degree to which this will happen is uncertain. A linear 
relationship, however, is - in view of the results - not likely. The 
constants in the model represent explanatory variables that have been 
left out of the model specification. 
1
' For srae factors data limitations prevented a real elaborate ana-
lysis for the entire population. 
2) These results were calculated by means of an adapted version of 
the computer program CONFID (see: Sparmann and Daganzo, 1979). 
3) In binary probit models those Standard deviations must be set ar-
bitrarily by normalization since they are not identifiable. 
Table 4. P rob i t - e s t ima t ions and p red i c t i ons of: 
- wi l l ingness to move (model number 1) , 
- the s p l i t p r o b a b i l i t i e s of a c t u a l l y moving for households w i l l i n g t o move 
(models 2 and 3, r e s p e c t i v e l y ) 
- the p r o b a b i l i t y of moving toward various c l a s se s of dwell ings (model number 
( the t a b l e i s explained in the t e x t ) 
mo- sam- a l t e r n a - constant p r i c e / ob jec t ive 
del p le t i v e s q u a l i t y dweil ing 
num- s i ze r a t i o qua l i t y 
ber score 
max 
flo o .*> P 3 2 > 
l i k e 
hoo 
1 1107 a.not-
willing 
to move 
b.willing 
to move 
0.33242 
(0.00288) 
0.11262 
(0.00304) 
1.23835 
(0.05694) 
1.15480 
(0.02957) 
0.13097 0.78493 -41 
968 a, 
not 
w i l l -
ing b. 
t o 
move 
not 
moved 
moved 
0.47492 
(0.08241) 
0.27619 
(0.00339) 
0.67547 
(0.03529) 
0.62383 
(0.05340) 
0.01151 0.58421 
0.28664 
(0.00310) 
0.05333 
(0.00085) 
139 a. not 
w i l l - moved 
ing 
t o b . moved 
move 
0.59175 
(0.20119) 
0 
(0 
,64614 
.18046) 
0.09947 0.44257 77 
42 s c o r e s -
c l a s s 1 
scores-
c l a s s 2 
scor-es-
c l a s s 3 
-1.81150 
(0.79003) 
1.07482 
(0.06244) 
2.14478 
(0.91926) 
0.42160 (0.00022) 
0.40291 
(0.10949) 
0.39022 
(0.07106) 
0.01942 0.37091 0.11284 0.38999 
1 ) In the var iance-covar iance matr ix of the multinomial p rob i t model, 0 descr ibes th 
t i v e s and p the c o r r e l a t i o n between them. 
2 ) Due t o extension of the number of a l t e r n a t i v e s t o 3, r e s u l t i n g in a highei—order 
p3 were in t roduoed. (The var iance-covar iance matr ix has been defined analogous t o t 
') E Pi * 1 ; see Sparmann and Daganzo, 1979, page 7; cc Oaganzo, 1979, page 140. 
i = 1 , 
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The interpretation of the estimation results of this type of 
probit model should always take place in combination with an interpre-
tation of the predicted probabilities. These probabilities fit the 
observed choices reasonably well, although an optimum connection 
certainly has not been reached. 
Significance of results. 
In the evaluation of the various explanatory variables listed at 
the beginning of this section a specific problem emanated, as for this 
type of probit model the usual oalculation of Standard errors is not 
very easy. The reason is that with an elaborate data set and more than 
two explanatory variables, Clark's approximation method, which is used 
in the computer program CHOMP, does not provide an easy oalculation of 
the optimum. And only at the optimum can Standard errors be de-
rived.1) 
One may use an alternative method to evaluate the significance 
of the results, which is especially valuable for those estimations for 
which no Standard errors are available. T-his method is based on the 
presupposition that the optimum has approximately been reached when, 
after several iterations in the estimation procedure, the following 
three conditions are satisfied: 
- the maximum log-likelihood value remains about the same; 
- the squared sum of the derivatives divided by the number of para-
meters (Ed2/np; which is an indication of the distance from the op-
timum in the approximation method) does not differ too much from 
zero; and 
- the values of the parameters remain fairly stable. 
Then, statistical significance of independent variables can be deter-
mined by excluding the variables successively from the set of explana-
tory variables and by examining next whether the results for the three 
abovementioned specific conditions change considerably or not. (In 
particular, it is judged to be important whether or not the maximum 
log-likelihood value decreases significantly). This alternative for 
determining statistical significance through focusing on the iterative 
' The reason is that at the optimum an approximation of the nega-
tive inverse of th'e Hessian can be used as an estimation of the 
variance-covariance matrix of the parameters. 
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procedure is judged to be very valuable. Unnecessary high costs and 
efforts can thus be avoided. 
The connections between the predicted probabilities and the 
observed choices of model number 1 are not yet corapletely satisfacto-
ry. A siraple explanation can be given for this phenomenon. Where 
specifications include many exogenous variables, the non-linearity of 
the probit model causes the predicted probabilities to be very close 
to the probability values for the mean household of the entire popula-
tion (i.e., the household that is defined by the averages of all 
exogenous variables). When fewer explanatory variables are used, this 
adaptation does not apply. Thus, since the calculation of the probabi-
lities requires the use of the averages of the explanatory variables, 
the predicted probabilities provide only some information about the 
average households. Consequently for a model with only a few exogenous 
variables, these predictions do not give an entirely reliable indica-
tion of the degree to which the model corresponds to reality. Never-
theless, model 1 is a satisfactory model for forecasting individual 
households' willingness to move, as can be checked by splitting up 
the sample population into 10 classes of the price/quality ratio of 
the 'old' dweiling. (See Van Lierop, 1986). 
6.2 Actual moving behaviour 
After a subdivision of the population into 2 classes, viz. (1) the 968 
households that reported not to be willing to move in period t, and 
(2) the 139 willing to do so, for each of these groups separately 
several specifications were also tested for the analysis of the proba-
bility that households will actually move one period later in t+1 . 
Exogenous variables included here were: 
- the price/quality ratio; 
- the income/current housing costs ratio; 
- the family size/number of rooms ratio; 
- a combination of the price/quality ratio and the income/current 
housing costs ratio; 
- the perception of the suitability of the old dweiling. 
All these alternatlves scored reasonably well under the three 
additional criteria for evaluating the significance of multinomial 
probit results (specified at the end of subsection 6.1). Yet, here too 
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the approach with only the price/quality ratio as a single exogenous 
variable next to a constant term, produced the best results. They are 
presented in Table 4 for model 2 and 3. It is worth noting from these 
results that: 
- for households that were not willing to move in period t, the 
price/quality ratio had the largest influence on-the decision not 
to move in period t+1 (see model 2), whereas for households that 
were willing to move, the price/quality ratio had the largest in-
fluence on the decision to actually move (see model 3); 
- the predicted probabilities for both groups are very satisfactory. 
Predictions in period t for the integral (or 'total') probabili-
ties of moving or not in period t+1, can next be derived by multiply-
ing the wlllingness to move probabilities for the entire population 
(from model 1) with the probabilities of actually moving for each of 
the specified groups (models 2 and 3)• Table 5 presents these calcula-
tions. 
Table 5. Calculation of integral probabilities of moving or not. 
predicted predicted predicted predicted integral 
probability probability probability probability probability 
model 1 model 2 model 1 model 3 of moving 
1 . predic-
tion in t 
not to be 0.85927 * 0.99457 + 0.14073 x 0.72538 = 0.95669 
moved in 
t+1 
2. prediction 
in t to be 
actually 0.85927 * 0.00543 + 0.14073 x 0.27462 = 0.04331 
moved in t+1 
Table 6. Direct observed integral moving choices. 
observed observed observed observed integral 
choice choice choice choice observed 
model 1 model 2 model 1 model 3 choice 
1. not moved in 0.87444 x 0.99483 + 0.12556 x 0.73381 = 0.96206 
t+1 
2. moved in t+1 0.87444 x 0.00517 + 0.12556 x 0.26619 = 0.03794 
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For the observed choices there ex i s t s , of course, an equallty 
between the sum of the products of the step-wise (conditional) choices 
and the direct integral observed choices. This can be seen from Table 
6. 
From th i s subsection we may conclude that the comparison of the pre-
dicted and the observed moving behaviour shows that a step-wise analy-
s i s (by studying households' willingness to move or not at f i r s t , and 
next the actual moving behaviour, if possible, separately for several 
household c lasses) , provides a good basis for the prediction of moving 
patterns in the Dutch housing market. 
6.3 Examination of dwelling a l ternat ives 
In th i s section an explanation of the choices of dwelling types of 
moving households and a prediction of these choices i s given. Ori-
ginally i t was planned to divide the dwellings from thë sample into a 
large number of classes of objectively defined dwelling quality evalu-
ation (d .q .e . ) scores (see section 5) . These classes would be used for 
the analysis of dwelling choices instead of classes of dwelling types, 
especial ly because many housing market studies so far have had great 
d i f f i cu l t i e s in defining a good c lass i f ica t ion for dwelling types . . 
D.q.e. scores offer a poss ib i l i ty to cover the en t i re spectrum of 
dwelling a t t r i b u t e s , and to define the dwelling quality on a continu-
ous sca le , which can be divided into a great many parts (c lasses) . 
Although the limited sample size did not permit the definition of 
many c lasses , the analysis has been executed for three classes of 
d .q .e . scores..The major goal here i s to i l l u s t r a t e the poss ib i l i t i e s 
of th i s approach. Table 7 shows how the three classes of d .q .e . scores 
have been distinguished: 
Table 7. Classes of dwelling quality evaluation scores. 
c lass number of objectively number of respondents observed 
number measured d.q.e . scores from the sample choices 
1 > 160.0 10 0.23810 
2 120.0 - 160.0 19 0.45238 
3 < 120.0 13 0.30952 
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An attempt has been made to explain the choice of a speciflc type of 
dweiling by using various models specifications including the follow-
ing exogenous variables: 
- net income per month; 
- the objectively measured d.q.e. score of the old dwelling; 
- the subjectively measured d.q.e. score of the old dwelling; 
- type of dwelling before the move. 
The model that performed best (under the criteria defined in subsec-
tion 6.1) had as explanatory variablé next to'a constant term only the 
objective d.q.e. score of the old dwelling. The results are presented 
in Table 4 under model number 4. 
If the subjective d.q.e. score was used as explanatory variablé 
in model 4 instead of the objective one, the model did not explain 
equally well. Intuitively this does not seem plausible. Individual 
perceptions and evaluations are normally expected to have a big impact 
on whatever choice. It may however be possible that the definition of 
only three classes of d.q.e. scores is too broad to do justice to a 
really subjective evaluation procedure. 
The integral probablities of moving and choosing one of the 
three classes of dwelling scores can be calculated by combining the 
results for alternative 2 in Table 5 with the outcome of model 4. This 
is illustrated in the upper part of Table 8. The lower part of the 
table presents an overview of the total of observed probabilities of 
moving and choosing specifie dwelling score classes, resulting from 
combining the relevant information from Table 6 with the observed 
choices from model 4. 
Comparison of the realized choices with the calculated integral 
probabilities in Table 8, shows that the predicted results with the 
small sample population and only three alternative classes of dwelling 
types are quite satisfactory. Only for dwelling score class 2 the 
predictions are significantly too high. This deviation (probably 
especially resulting from the already not very good fit between the 
predicted probabilities and the observed choic'es for model number 4) 
may be caused by the fact that the individual households in this small 
sample deviate too much from the mean household, which results in a 
poor fit between the predicted probabilities with the observed choices 
in models with just a few exogenous variables. This may be particular-
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ly true here as the objective d.q.e. scores can clearly result in a 
larger range of deviations than a limited set of dweiling types. 
Table 8. Integral probabilities 
dweiling score class. 
integral 
moving 
probability 
Table 5 
of moving and choosing a particular 
predicted 
probability 
model 4 
predicted integral 
probabilities of 
moving and choosing 
a dwelling  
dweiling 
class 1: 
dwelling 
class 2: 
dwelling 
class 3= 
sco res -
scores -
sco res -
0.04331 x 
0.04331 * 
0.04331 x 
0.20592 
0.51104 
0.27767 
0.00892 
0.02213 
0.01203 
observed 
choices 
Table 6 
observed 
choices 
model 4 
observed integral 
probabi l i t ies of 
moving and choosing 
a dwelling  
dwelling 
class 1: 
dwelling 
class 2: 
dwelling 
class 3: 
sco res -
sco res -
sco res -
0.03794 
0.03794 
0.03794 x 
0.23810 
0.45238 
0.30952 
0.00903 (=10/1107) 
0.01716 (=19/1107) 
0.01174 (=13/1107) 
Dividing the set of dwellings into a ser ies of d .q .e . scores of 
the 'o ld ' dwelling in order to show that model 4 i s s t i l l a good 
predictive model i s d i f f icu l t here, because of the small sample s ize , 
but an i l l u s t r a t i v e division into three classes for the 'o ld ' dwell-
ings (similar to the three classes of d .q .e . scores chosen from in th i s 
section) already shows promising resu l t s (see Tables 9 and 10). 
Table 9. Household moves between classes of d .q .e . scores. 
old (period t) dwelling 
class 1 
class 2 
class 3 
Total 
new (period t+1) choice alternative 
class 1 class 2 class 3 Total 
3 
5 
2 
2 
7 
10 
Ï9~ 
0 
4 
9 
TT 
5 
16 
21 
42" 
The probabilities resulting from applying model 4 to each of the nine 
separate classes defined by Table 9 are presented in Table 10. 
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Table 10. Split predictions of probabilities of choosing different 
classes of d.q.e. scores. 
old (period t) 
dweiling  
new (period t+1) observed 
choice alternative choices 
predicted 
probabilities 
class 1 
class 2 
class 3 
class 1 
class 2 
class 3 
class 1 
class 2 
class 3 
class 1 
class 2 
class 3 
0.60000 
0.40000 
0.00000 
0.31250 
0.43750 
0.25000 
0.09524 
0.47619 
0.42857 
0.60125 
0.31900 
0.07548 
0.34938 
0.46135 
0.18334 
0.05221 
0.48868 
0.45407 
Some of the classes in Table 10 show reasonable f i t s between the 
real ized choices and the predicted probabi l i t i e s , at leas t bet ter than 
before. The probabili ty that a-household wil l choose to move into a 
dweiling of class 1 when i t l ives in a dweiling of that class already, 
i s the most l ike ly of a l l p robab i l i t i e s . This i s easily explained as 
class 1 i s the class of the r e l a t ive ly highest quality and households 
usually do not l ike to move into a dweiling of lower qual i ty. 
The conclusion from this subsection i s that the explanation and 
prediction of choices of dweiling a l ternat ives leads to sa t is factory 
resul ts by means of a re la t ive ly simple model specification based on 
d.q .e . scores. Moreover th i s approach can avoid many of the problems 
which usually a r i se when the housing market i s studied using a limited 
set of housing types. 
6.4 Examination of locational aspects 
The purpose of th is phase was to analyse whether important geographi-
cal and quantifiable differences exist in the moving behaviour of 
households in the Dutch housing market. 
In order to be able to execute some specific spa t ia l analyses a 
much larger sample should have been available than the current study 
sample. A larger data set should ideal ly have contained various spa-
t i a l groups, which would have allowed separate repet i t ion of a l l the 
previous research phases (1-3). The limited sample in th i s study, 
however, allowed only modest spa t i a l d i s t inc t ions . The 1107 respon-
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dents from Table 2 were classified three times into two separate 
groups: 
1.a. households in cities with 30,000 or more inhabitants, versus 
b. households in the countryside, villages, suburbs and small towns 
(less than 30,000 inhabitants); 
2.a. households in the 'Randstad' (the entire urbanized part of the 
western part of the Netherlands), versus 
b. households in the rest of the country; 
3.a. households in stringent (very regulated) housing market areas, 
versus 
b. households in areas with a relatively liberal (easier) housing 
market. 
Further spatial diversified analyses of household classes or dwelling 
alternatives were not possible. 
For each spatially distinguished class of the three groups the 
probabilities of both the willingness to move and actually moving 
have been predicted. The explanation of these items, however, has not 
been re-estimated. Instead, coefficients of the models from the former 
sections have been used to predict the relevant probabilities for the 
various spatial groups. In this paper we only present the results of 
the first groups. 
It is striking to note (see Table 11) that hardly any differences 
exist between the groups in their willingness to move. The prediction 
of the actual moving behaviour was again done separately for the 968 
households from Table 2 that were not willing to move and the 139 that 
wanted to do so. As an input for these predictions the estimates of 
the coefficients of models 2 and 3 from Table 4 were used. Table 12 
shows the resuiting predictions. 
The predictions for the households that were not willing to move 
in period t give good approximations of the observed choices. Further-
more, no significant differences in the moving behaviour could be 
found between the spatial classes, i.e. households in large cities do 
not tend to move more frequently than anywhere else. It should also be 
remembered that the number of households which were not willing to 
move but which actually moved is very low in the sample. 
The fits between the predictions and the realized choices were 
slightly less satisfactory for households that were willing to move. 
The extent to which they have actually moved is slightly higher in 
Table 11. Predictions of willingness to move of spatially diversified groups. 
households that lived number of alternatives 
in period t in respondents 
number of respondents observed 
per alternative choices 
Table 12. Predictions of actual moves of spatially diversified groups. 
a. cities 668 a. not willing to move 
b. willing to move 
581 
81 
0.87125 
0.12575 
b. elsewhere 139 a. not willing to move 
b. willing to move 
381 
55 
0.87172 
0.12528 
households that number alterna-
lived in period respon- tives 
t in dents 
number respon-
dents per 
alternative 
observed 
choice 
pre 
pro 
A. Households not a. cities 581 
willing to move 
in period t b. elsewhere 381 
a. not moved 580 
b. moved 1 
a. not moved 383 
b. moved 1 
0.93315 
0.00685 
0.99710 
0.00260 
0.9 
0.0 
0.9 
0.0 
B. Households a. cities 81 
willing to move 
in period t b. elsewhere 55 
a. not moved 60 
b. moved 21 
a. not moved 12 
b. moved 13 
0.71129 
0.28571 
0.76361 
0.23636 
0.7 
0.2 
0.7 
0.2 
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cities, than elsewhere. Predictlons and observed choices, however, do 
not show the same pattern in this respect. It is possible that distur-
bances arise here, which are again caused by the small sample size, or 
by the fact that the model specification contained only one exogenous 
variable with a constant term (resulting in comparable prediction 
problems as encountered in the discussion of Table 9 in the previous 
subsection). 
It is interesting to observe in a comparison of Table 12 with 
Table 11 that while there seem to be no differences in willingness to 
move between households in cities and elsewhere, the first group seems 
to be more often succesful in executing its plans. 
The foregoing results have clearly demonstrated the potential of 
disaggregate discrete choice models (i.e., probit models) for analys-
ing residential choices and behavioural patterns at a housing market. 
Further progress can be made by using dynamic discrete choice models 
(based on lagged perception variables), provided of course a set of 
appropriate data on residential choices and perceptions of households 
is available. 
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